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Supplementary Note

Members of the Humanitas COVID-19 Task Force.
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Francesca, Mundula Valeria, Nigro Mattia, Ormas Monica, Pagliaro Arianna, Paliotti Roberta,
Pavesi Alessia, Pedale Rosa, Pegoraro Francesco, Pellegatta Gaia, Pellegrino Marta, Petriello
Gennaro, Piccini Sara, Pocaterra Daria, Poliani Laura, Procopio Fabio, Puggioni Francesca,
Pugliese Luca, Pugliese Nicola, Racca Francesca, Randazzo Michele, Regazzoli Lancini Damiano,
Reggiani Francesco, Rimoldi Monica, Rodolfi Stefano, Ruongo Lidia, Sacco Clara, Sagasta
Michele, Sandri Maria Teresa, Savi Marzia, Scarfo' Iside, Shiffer Dana, Sicoli Federico, Solano
Simone, Solitano Virginia, Spata Gianmarco, Stainer Anna, Stella Matteo Carlo, Strangio
Giuseppe, Taormina Antonio, Testoni Lucia, Tordato Federica, Trabucco Angela, Ulian Luisa,
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Members of the COVID-19 Host Genetics Initiative.
The COVID-19 Host Genetics Initiative is described in further details at

https://www.covid19hg.org/ where an updated version of all members can be found at all

times. Named members listed below are acknowledged for their involvement in contributing

to the publicly available COVID-19 Host Genetics Initiative summary statistics round 2
(analysis named ‘“20200508-results-ANAS5_ALL _inv var meta”; file named
“COVID19 HGI ANAS 20200513.txt.gz”; meta-analysis release date of May 15 2020) to
which parts of the discussion of the chromosome 3 gene cluster findings of the present study

are done (see main text Discussion and Figure S11).
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Supplementary Methods

Authorship contributions.

T.H.K conceived and initiated the project. T.H.K and A.F. jointly designed, provided
infrastructure to and jointly supervised the project. T.H.K, A.F., J.R.H., T.F., D.E. and F.D.
wrote the first draft of the manuscript. A.F., D.E. and F.D. vouches for the genetic data and
coordinated and performed the statistical analyses with contributions from G. H-S., J.K.,
M.Wi., M.C-R., LW., F.U-W. and M.We. S.M., X.Y., AT., A.Pesc., H.E., M.E.F.B,,
M.Scha., N.B., 0.0., T.L.L., T.W., W.A., and W.P. performed sample processing, performed
DNA extraction and/or genotyping. L.V., L.B., M.But., A.Alb., P.I., R.A., J.F., J.M.B.,
M.R.G., M.M.G. and J.R.H. organised and supervised patient inclusion, vouches for the
clinical data, and provided input to study design and the manuscript. M.D.Am., S.D., D.Pra.,
G.B.,CM,FA, T.Z,AB.O,AG.C, APese., A-E.G-F., AB-G., A.Z., ABan., APes,
AA, ALl, ABio., AC-G.,,AG.,, ACN, Ala, AL-F,Al, APal,APro., AV. AS,
B.M,B.NJ,CQ.,CP,CG,CA, CC.,DJ,DP,EMD,ES.,EMP,EN.,FG.S.,
F.C.,F.M-B., F.P, F.B., F.M, F.R-F, G.G., G.Cos., G.Car., G.F.,, G.M,, HK,, I. G-F., LM,
JM.,, JE. JF-A, 6 KG-E, LIS, LR.B,,LTél, LM,LSa,L.Su.,L.Te,L.Sc,L.R,
M.R.B, M.G.V., M.H-T., M.A-H., M.D.An., M.Bal., M.Car., M.Caz., M.Cic., M. Cec., M.R-
G., M.Boc., M.M,, N.Ma., N.Mo., N.S., 0.0.,0.P,,P.F.,,P.P.,P.B,,P.O.,P.T.,P.C,P.MR,,
R.D.C,R.D.P.,,R.F,R.G,R.N, S.Bad, S.G,, S.M., S.J,, S.A, S.P., S.Bos., The Humanitas
COVID-19 Task Force, T.P., T.L.L., V.R., V.Mon. and V.Mor. provided samples,
phenotypic data and intellectual input to the manuscript. M.Schu. contributed to the
manuscript. The decision to publish was made by D.E., F.D., L.V., L.B., M.But., A.Alb.,
P.I,RA.,JF,JMB., MR.G., JRH., T.F., AF. and T.H.K in agreement with all authors.
All authors revised and edited the manuscript for critical content and approved of the final

version to be published.

DNA extraction and genome-wide SNP genotyping.

DNA extraction was performed by the DNA laboratory of the Institute of Clinical Molecular
Biology (Christian-Albrechts-University of Kiel, Germany) using a Chemagic 360 from
PerkinElmer (Waltham, Massachusetts, U.S.) with the low volume kit cmg 1491 and the
buffy coat kit cmg-714 (Chemagen, Baesweiler, Germany) according to the manufacturer's
protocol. The Chemagen chemistry for DNA extraction from whole blood and buffy coat is

based on the use of magnetic beads. Up to 400 pl whole blood or 300 ul buffy coat were
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used for isolation, depending on the shipped material of the different centers. In a first step,
the cell lysis for protein degradation by protease is performed. The isolation of the DNA is
achieved by capturing the DNA with polyvinyl alcohol magnetic beads (M-PVA Magnetic
Beads). The DNA is bound to the surface coating of these beads. These beads, together with
the bound DNA, are attracted by the magnetized metal rods, which can then transfer the
DNA from one wash buffer to another. After deactivation of the electromagnet, the particles
are resuspended in the solution. Finally, beads were transferred into 100-250 pl elution
buffer, which inactivates the interaction between the beads and the DNA. The magnetic
beads are removed, leaving the isolated DNA in suspension. The concentration was

measured in a Dropsense96 (Unchained Labs, Pleasanton, CA, U.S.) spectrophotometer.

Genotyping of all patient panels and the control panel genotyped for the purpose was
conducted by the Institute of Clinical Molecular Biology’s DNA Laboratory and Genotyping
Core Facilities, employing Illumina’s (Illumina Inc., San Diego, U.S.) Global Screening
Array-24 Multi Disease (GSA) Version 2.0 B1 following the Illumina(R) Infinium HTS
Assay Auto 3-day Workflow (Document #15045738v0). In brief, initial DNA quantification,
amplification and incubation for 24 hours was performed according to protocol on day 1.
Next, we performed enzymatic DNA fragmentation, followed by 2-propanol precipitation,
resuspension and overnight hybridization of DNA to the BeadChip on day 2. Last, BeadChip
washing removing unhybridized and nonspecifically hybridized DNA, extension adding
labeled nucleotides to extend primers hybridized to the sample, staining of primers and final
imaging using the Infinitum LCG scan setting was performed following the manufacturer’s

protocol on day 3.

The genome-wide content of the GSA was selected by the vendor for high imputation
accuracy at minor allele frequencies of >1% across all twenty-six 1,000 Genomes Project
populations.! The clinical research content includes 712,189 variants with established
disease associations, relevant pharmacogenomics markers, and curated exonic content based
on ClinVar, NHGRI, PharmGKB, and ExAC databases.

External Spanish and Italian GWAS control data sets.
For later validation of allele frequencies in the independent Spanish and Italian GWAS
control data sets, we collected six additional external control data sets from different non-

[llumina GSA genotyping platforms:
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External Italian controls 1: n=952 genotyped controls (data from the Illumina Hap550k
array) from references 2 and 3. External Italian controls 2: n=3,361 genotyped controls (data
from the Affymetrix 6.0 array) from reference #. External Spanish controls 1: n=1,482
genotyped controls (data from the Human610-Quad array) from reference®. External Spanish
controls 2 and 3: n=1,617 genotyped controls (data from the Illumina HumanCNV370k and
Ilumina HumanCore arrays, respectively) from reference 8. External Spanish controls 4:
n=4,988 genotyped controls (data from the lllumina Infinium Multi-Ethnic Global-8 v1.0

array) from references ’ and 8.

In Table S9 the German blood donors of the UKSH Cohort were persons donating at least
once a unit of whole blood between 2006 and 2019 at University Hospital Schleswig-
Holstein (UKSH). Of 104,604 donors, 62,267 were first time donors in that time frame.
110,309 patients receiving at least one unit of red blood cells (RBC) between 2006 and 2019
were also included. The Italian and Spanish blood donors were persons donating blood at the
blood transfusion service (BTS) of the IRCCS Fondazione Ca Granda Ospedale Maggiore,
Milan, Italy (first time blood donors from 2015 to 2019, total n = 14,658), the BTS Centro de
Transfusion de Madrid, Spain (first time blood donors in 2019, total n = 36,781) and from
the BTS Banc de Sang i Teixits, Barcelona, Spain, (first time blood donors in 2019, total n =
34,774).

Genotype calling, SNP and sample quality control and principal component analysis.
Initial genotype calling extracting GSA genotyped data from intensity data files was
performed with the Illumina GenomeStudio v. 2.0 software with the cluster definition file
GSAMD24v2-0_20024620 Al-762Samples-LifeBrain

(https://www.illumina.com/documents/products/datasheets/datasheet genomestudio softwar

e.pdf. Finally, we had 712,189 SNPs before quality control (QC). Based on initial genotype
data, we removed samples with <90% callrate using PLINK.®

After genotype calling a unified QC procedure was carried out for the Spanish and Italian
case-controls GWAS data sets. Variants that had >2% missing data, a minor allele frequency
(MAF) <0.1% in either of the different disease sets or in controls, different missing genotype
rates in affected and unaffected individuals (Prisher<107®) or deviated from Hardy-Weinberg
equilibrium (with a false discovery rate (FDR) threshold of 10~ in controls) (a) across the
entire collection with at most one batch being removed or (b) falling below in two single

batches, were excluded. Samples that had >2% missing data and overall increased/decreased
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heterozygosity rates (i.e. £5 SD away from the sample mean) were removed. For robust
duplicate/relatedness testing (IBS/IBD estimation) and population structure analysis, we
used a linkage disequilibrium (LD)-pruned subset of SNPs on the basis of a set of
independent (MAF>5%) SNPs excluding X- and Y-chromosomes, SNPs in LD (leaving no
pairs with r>>0.2), and 11 high-LD regions as described by Price et al.° Pairwise percentage
IBD values were computed using PLINK. By definition, Z0: P(IBD=0), Z1: P(IBD=1), Z2:
P(1BD=2), Z0+Z1+Z2=1, and PI_HAT: P(IBD=2) + 0.5 * P(IBD=1) (proportion IBD). One
individual (the one showing greater missingness) from each pair with PI_HAT>0.1875 was
removed. A value of 0.1875 (proportion IBD) corresponds to a theoretical relationship of

halfway between the expected IBD for third- and second-degree relatives.

To identify ancestry outliers, i.e. subjects of non-European ancestry, and to resolve within-
Europe relationships and to test for population stratification within and across batches
(merged for the Italian and Spanish panels), we performed principal component analysis
(PCA) for remaining QCed cases and controls using the PCA method, as implemented in
FlashPCA1!, using a LD-pruned subset of SNPs (see text above). Ancestry outliers not
matching European populations were removed (Figure S1, A and B). After QC, PCA
revealed no non-European ancestry outliers (Figure S1, C and D) when performing PCA
including reference samples from the 1,000 Genomes reference panel.?

We applied same QC procedure as described above to the additional (previously elsewhere
genotyped) Spanish and Italian GWAS control data sets from different Illumina and
Affymetrix genotyping platforms, leaving 8,036 Spanish and 4,273 Italian controls after QC
(Table S3).

Genotype imputation.

The QCed Italian and Spanish GWAS datasets comprised 835 Italian Covid-19 cases, 1,255
Italian controls, 775 Spanish Covid-19 cases and 950 Spanish controls (Table S1B), and
contained 664,571 (Italy) and 662,223 (Spain) variants after QC and filtering of SNPs with
alleles AT or CG (the latter often leading to strand issues during imputation). Genotype
imputation was conducted for chromosomes 1-22 and X data using the novel TOPMed
Freeze5 on genome build GRCh38 and the Michigan Imputation Server
(https://imputation.biodatacatalyst.nhlbi.nih.gov/index.html#!).1> We provided the input data
in “vcf.gz” format as GRCh38 build. We used the offered population panel “ALL” and
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applied the server-side option to filter by an imputation R? with threshold 0.001. The final
imputed results contained 186,310,922 variants in the Italian dataset and 157,331,047
variants in the Spanish dataset after TOPMed imputation. For the imputation of the X
chromosome, we coded males as diploid in the non-pseudoautosomal (non-PAR) region.*3
After quality control and imputation using TOPMed in total 8,965,091 SNPs were included
for the Italian panel and 9,140,716 SNPs for the Spanish panel, with post imputation R*>0.6
and MAF >1%.

The genotype imputation procedure described above was applied also to the independent and
QCed Spanish and Italian GWAS control data sets from different [llumina and Affymetrix
genotyping platforms (Table S3).

Next generation sequencing-based HLA allele typing.

HLA genotypes were typed using NGS-sequencing at full-context 3-field (5’UTR-3’UTR)
resolution for HLA-A, -B, -C, -DQA1, -DQB1, -DPB1. Sequencing for HLA-DRB1 was
conducted only for exon 2 — 3°UTR. Sequencing was performed with a MiSeq (paired-end
with a length of 250 bp and 500 sequencing cycles). For HLA-DPB1 G groups were assigned
for alleles where phasing of heterozygote positions in exon2 and exon3 could not be

resolved. The required target enrichment step prior to the library preparation was
accomplished by locus specific long-range polymerase chain reactions (PCRs). The primer
sets, which were designed and validated in-house, target (with the exception of the DRB1
forward primer) sequence motifs within the UTRs of the HLA loci. In addition, the size of the
HLA-DPBL1 gene required a primer design with two overlapping amplicons to cover the entire
gene. A unified PCR setup based on the GoTag® Long PCR Master Mix (Promega) and the
recommendations of the manufacturer was applied to amplify the HLA genes. To quality
control the amplification step, all HLA amplicons were monitored on 1% TAE agarose gels.
After electrophoresis, all HLA amplicons of the individual samples were equimolarly pooled
equally into their corresponding wells. Subsequent steps of the entire library preparation from
enzymatic fragmentation, end repair, adapter ligation to paired end Index PCR were done
with the NEBNext®Ultra™DNA Library Prep Kit for [llumina (NEB) according to the
manufacturer’s instructions. Prior to each MiSeq (Illumina) run, we pooled up to 192
individual amplicon fragment pools, after having size selected library fragments between
600-800 bp with an electrophoresis-based method (1.6% TAE agarose gel separation,

Genelet Gel Extraction Kit, ThermoFisher). For quantification, we used the Kapa Library

14



Quantification Kit (Roche) according to the manufacturer supplied protocol. Before loading
to the MiSeq cartridges the sequencing libraries were diluted (15pM) and denatured
according to standard lllumina MiSeq loading procedures.

Paired-end next generation sequencing (NGS) of the size-selected HLA amplicon library was
performed on a MiSeq (lllumina) running 500 cycles of V2 chemistry. The generated fastq
data files were analyzed in parallel with the HLA Twin Software version 4.2.1 (Omixon) and
the NGSengine version 2.16.2 (GenDx).

The IPD-IMGT/HLA database release version 3.38.0 was used as the reference for alignment
to allow accurate comparison of alleles genotyped using both HLA software tools. A
parameter for acceptance of HLA genotyping results was an average depth of coverage >
100x.

For the HLA analysis, the 3-digit typings were translated to 2-digit G groups using the
hla_nom_g.txt from (http://hla.alleles.org/alleles/g_groups.html; downloaded 05/2020).

Genome-wide association analysis.

Covid-19 patients with respiratory failure (cases) were compared with population controls
(unknown Covid-19 status). Case-control allele-dose association tests of the genotyped and
imputed SNPs in the Italian and Spanish panel were performed separately using PLINK 1.9
(logistic regression).® Two different analyses including covariates from the PCA without
1,000 Genomes reference samples were run to control for potential population stratification
(analysis 1) as well as potential population stratification and potential age and gender effects

(analysis I1):

Analysis (1) case/control status ~ SNP + PC1 + PC2 + PC3 +PC4 + PC5 + PC6 + PC7 + PC8
+PC9 + PC10

Analysis (I1) case/control status ~ SNP + age + gender + PC1 + PC2 + PC3 +PC4 + PC5 +
PC6 + PC7 + PC8 + PC9 + PC10

Only high-quality variants with an imputation score R? > 0.6 and MAF>1% were considered.
Overall, 9,140,716 variants were analysed for Spain and 8,965,091 variants were analysed

for Italy.
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Meta-analysis of Italian and Spanish GWAS datasets.
A fixed-effects meta-analysis was conducted using the meta-analysis tool METAL*
(https://genome.sph.umich.edu/wiki/METAL _Documentation) on 8,582,968 variants

overlapping between both studies with Rz > 0.6, using the BETA and its standard error (SE)
from the study specific association. Using METAL, the combined P-value and the combined
effect (E) with its SE was calculated from which we computed the odds ratio (OR) and its
95% confidence interval (Cl; OR = exp(E), the upper confidence limit (OR_95U) was
calculated as OR_95U=exp(E+1.96*SE), the lower confidence limit (OR_95L) was
calculated as OR_95L=exp(E-1.96*SE)). Quantile-quantile plot of the cross-country meta-
analyses and country-wise association analyses showed only excess of significant asso-
ciations in the tail of the distribution (Figures S2 and S3).

Identification of genomic loci showing suggestive association.

We used FUMAZ® to identify genomic loci showing suggestive evidence (P<1x107°) for
association with severe Covid-19 with respiratory failure (Table S5). According to FUMA,
“independent significant” SNPs are defined as SNPs that have a P-value < 1x107° and are
independent from each other at the linkage disequilibrium threshold r?<0.6. Therefore,
independent significant SNPs are essentially the same as SNPs that are contained after
clumping GWAS tagged SNPs at the same P-value and r2. Independent significant SNPs are
used to select candidate SNPs that are in LD with the independent significant SNPs. “Lead
SNPs” are defined as SNPs which are independent significant SNPs and are independent
from each other at LD r? < 0.1. In addition to lead SNPs, FUMA defines “genomic risk loci”,
including all independent signals that are physically close or overlapping in a single locus.
First, independent significant SNPs that are dependent each other at r2> 0.1 are assigned to
the same genomic risk locus. Then, independent significant SNPs that are closer than 250 kb
are merged into one genomic risk locus. The distance between two LD blocks of two
independent significant SNPs is the distance between the closest SNPs (which are in LD of
the independent significant SNPs at user defined r?) from each LD block. Each locus is

represented by the top lead SNP that has the minimum P-value at the locus.

Bayesian fine-mapping analysis.
A Bayesian fine-mapping analysis was carried out using FINEMAP*® in order to determine a
credible set, i.e. a minimum set of variants containing all causal variants with certainty

>0.95%, and to calculate the posterior inclusion probability (PIP) for each SNP as causal in
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any of the models. To this end, we extracted regions of interest from the imputed genotype
data and calculated the local LD structure in the Italian and Spanish discovery sets, which
served together with the meta-analysis | summary statistics as an input for FINEMAP. We

set the option --n-causal-snps 1.

ABO blood group SNP genotyping and analysis.

By using SNP genotypes extracted from the Spanish and Italian TopMED genotype
imputation, we performed a SNP based ABO typing to identify the core ABO blood groups
A, B, ABorO.

We extracted the genotypes of three SNPs: rs8176719, rs41302905 and the adjacent
rs8176747, further described below an inferred blood group status based on these SNPs.

For blood group allele O, two different types exist, that are named O1 (more common) and
02 (rare). The genotyped variants for rs8176719 were used to infer blood group O1 status.
rs8176719 is a deletion, that encodes for the common O-allele (O1) and is the causative SNP
for chain termination at exon 6 (261delG causes Thr88Profs*31), which determines that an
individual has this variation of the ABO transcript (allele). Genotyped variants at
rs41302905 were used to infer for allele O2 status. Here, the rare A nucleotide encodes for
the 2nd frequent O-allele (O2) and is the causative SNP (802G>A causes Gly268Arg),
which determines that an individual carries this allele. Genotypes for rs8176747 were used to
infer allele B status. Here, the rare C nucleotide encodes for allele B and is the causative
SNP (803G>C causes Gly268Ala), which determines if an individual has this B-allele.!’
Individuals with the diploid alleles 0101, 0102 and 0202 were assigned blood group O,
individuals with diploid alleles BO1, BO2 and BB were assigned blood group B. We type
blood group allele A by exclusion, assuming that an individual has allele A, if neither B or O
were assigned by the criteria above. Individuals with a diploid alleles AO1, AO2 and AA
were assigned blood group A, and individuals with diploid allele AB were assigned blood

group AB.

We calculated A, B, AB, O blood group frequencies in cases and controls, respectively. A
logistic regression was conducted on these data in two adjusted analyses (analysis I and I1) to
control for (1) potential population stratification as well as (11) potential population
stratification as well as age and gender effects. We additionally performed unadjusted and

adjusted analyses on the cases only, with the independent variable binarized to no
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mechanical oxygenation vs. mechanical oxygenation. Blood group specific odds ratios were
calculated by making four different grouping as A vs. B/AB/O, B vs. A/AB/O, AB vs.
A/B/O and O vs. A/AB/B. To combine study specific estimates, a fixed-effects meta-
analysis was performed using the R-package metafor on the beta estimates and
corresponding standard errors. Association test statistics were weighted by the number of

samples in each sub-analysis per cohort.

Tissue specific eQTL data of lead SNPs of genome-wide significant loci and their
proxies.

Tissue specific expression quantitative trait loci (QTLs) of GWAS lead rs657152 and
rs11385942 variants as well as their respective proxies, rs545971 and rs17214952, were
obtained from GTEx!® and conditional eQTL catalogue'® databases. The API service was
used to retrieve eQTLs of rs11385942 and rs17214952 variants from the GTEX v8. Since the
later version of GTEx does not contain information on rs657152 and rs545971, their eQTL
data was retrieved from GTEXx v7. Additional data on rs17214952 variant was obtained from

conditional cis-eQTL mapping catalog for whole blood.

Gene expression data of genome-wide significant loci overlapping candidate genes.
Bulk mRNA consensus tissue gene expression data and bulk blood cell gene expression data
were obtained from the Human Protein Atlas (HPA) database.?® This database includes data
from three sources: HPA, GTEXx!® and FANTOMS5.?! The obtained normalized gene
expression values were gene-wise centered and z-score normalized for visualization. Single
cell RNA-Sequencing (sc-RNA-Seq) data for SARS-CoV-2 relevant tissues were obtained
from the COVID-19 Cell Atlas.?? Lung and upper airway sc-RNA-Seq datasets?>* were

retrieved in .h5ad format files and visualized using the scanpy v1.4.6 package.?®

HLA next generation sequencing data association analysis.

The associations at the HLA complex at 6p21 were refined by performing sequencing-based
HLA typing of 7 HLA loci (HLA-A, -C, -B, -DRB1, -DQAL, -DQBL1, -DPB1) in a subset of
835 cases and 891 controls from Italy and 773 cases from Spain. Allele association analysis
was performed on case-controls for the Italian samples and on disease severity in cases only.
Severity was binarized to no mechanical oxygenation vs. mechanical oxygenation. Logistic
regression was conducted in two adjusted analyses (analysis | and Il) to control for (I)

potential population stratification as well as (Il) potential population stratification as well as
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age and gender effects. HLA alleles were coded as present (P) or absent (A) and coded as 0
for AA, 1 for AP and 2 for PP.

We also calculated allele numbers across the classical class | (HLA-A, -B, -C) and class Il
(HLA-DRBL1, -DQB1) loci as a measure of multilocus heterozygosity (ranging from 3 and 2
alleles for complete homozygosity to 6 and 4 for complete heterozygosity, respectively). A
more nuanced measure of allelic variability, the amino acid sequence divergence among
alleles, was also calculated for each of the five HLA loci separately and across all three class
| or two class Il loci, using the GranthamDist tool?® This measure, also called HLA
evolutionary divergence (HED) has proven to predict control of HIV replication?’ as well as
response to cancer immunotherapy.?® Association between these compound parameters of
genetic variability and disease risk (cases vs. control) was tested using the same logistic
regression model as for the SNP and HLA genotypes (analysis Il), including gender, age and
the first 10 PCs as covariates. For analysis of the combined data, we also included country
(Spain/Italy) as a covariate to account for differences between the datasets.

HLA peptide binding prediction.

Due to the substantial overlap in bound peptides among HLA alleles and their co-dominant
expression, we considered the possibility that the additive GWAS association test would not
capture the entire functional role of HLA in Covid-19 risk. We therefore employed
computational in-silico binding prediction of the observed HLA alleles for SARS-CoV-2
peptides, based on the NGS-based targeted genotyping (see above). Specifically, we aimed
to calculate the number of SARS-CoV-2 peptides an individual’s HLA alleles are predicted
to bind. In order to calculate the number of bound peptides by each allele we used the HLA-
peptide binding prediction algorithms netMHCpan (v4.1) and netMHClIpan (v4.0) for HLA
class I and class Il alleles, respectively.?® Analysis of proteome sequences from the GISAID
database® revealed that the strain G was responsible for more than half of the infections in
both Italy and Spain during February and March 2020. Hence, we used a proteome
belonging to strain G (EPI_ISL_4174479) to infer all possible potentially relevant peptides
(9mers for class | and 15mers for class Il). Default %Rank_EL thresholds were used to
define strong (0.5% for netMHCpan and 2% for netMHClIpan) and both weak and strong
(2% for netMHCpan and 10% for netMHClIIpan) binders. The total number of bound
peptides per individual was calculated for each locus as well as for all class I and class 11

variants together, respectively, given the individual’s HLA genotypes. According to Grifoni
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et al.®2, CD4+ T-cell responses concentrate on M,N and Spike proteins and CD8+ T-cell
responses on M,NSP6 and Spike proteins. Therefore, we also calculated specifically the
number of bound peptides by class I alleles from M, NSP6 and Spike proteins and by class |1
alleles from M, N and Spike. Finally, the calculations were repeated by using only the Spike
protein, given its importance in the transmission of SARS-CoV-2. Association between
predicted number of bound peptides and disease risk (cases vs. control) was tested using the
same logistic regression model as for the SNP and HLA genotypes (analysis II), including
gender, age and the first 10 PCs as covariates. For analysis of the combined data, we also

included country (Spain/Italy) as a covariate to account for differences between the datasets.
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Supplementary Results

HLA analyses.

We found neither significant differences in allelic distribution between patients and controls
in Italy nor between patiens with oxygen supplementation only and those with mechanical
ventilation of any kind (Table S10). Neither the number of classical HLA alleles of an
individual nor the HLA allele divergence at specific loci or across multiple loci differed
significantly between cases and controls or between groups of cases with different
respiratory support (GLMs, all P-values >0.1). When computationally predicting individual
HLA-binding of SARS-CoV-2 peptides, we found no robust statistically significant
association between the different peptide values and either disease risk (case vs. control) or
disease severity (different levels of respiratory support). Only the predicted total number of
peptides from the M, NSP6 and Spike proteins bound by an individual’s HLA class I alleles
showed a nominally significant variation among the four levels of respiratory support when
tested across the entire dataset (Kruskal-Wallis test, P=0.042, not corrected for multiple-
testing), driven by a slightly lower number of bound peptides in the most severe group,
compared to the other groups (GLM, X=4.3, P=0.038). However, the number of cases in this

most severe treatment group (n=6) was too small to draw robust conclusions from this result.
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Supplementary Figures

Figure S1. Principal components analyses of Covid-19 cases and controls.

Scatter plots of the principal component analysis (PCA) for cases and controls using the PCA
method as implemented in FlashPCA?, using an LD-pruned subset of SNPs (see Supplementary
Methods). Ancestry outliers not matching European populations were removed (A and B). After
QC, PCA revealed no non-European ancestry outliers (C and D) when performing PCA including

reference samples from the 1,000 Genomes reference panel.t

(A) Italian cases and controls before exclusion of ancestry outliers.
(B) Spanish cases and controls before exclusion of ancestry outliers.
(C) Italian cases and controls after exclusion of ancestry outliers.

(D) Spanish cases and controls after exclusion of ancestry outliers.

The grey crosses represent Covid-19 cases and controls. The coloured points represent the five
super populations retrieved form the 1,000 Genomes data:*

African (AFR, purple), Ad Mixed American (AMR, turquoise), South Asian (SAS, green), East
Asian (EAS, blue), (EUR, yellow). Population code (super population code): CHB (EAS) Han
Chinese in Beijing, China; JPT (EAS) Japanese in Tokyo, Japan; CHS (EAS) Southern Han
Chinese; CDX (EAS) Chinese Dai in Xishuangbanna, China; KHV (EAS) Kinh in Ho Chi Minh
City, Vietnam; CEU (EUR) Utah Residents (CEPH) with Northern and Western European
Ancestry; TSI (EUR) Toscani in Italia; FIN (EUR) Finnish in Finland; GBR (EUR) British in
England and Scotland; IBS (EUR) Iberian Population in Spain; YRI (AFR) Yoruba in Ibadan,
Nigeria; LWK (AFR) Luhya in Webuye, Kenya; GWD (AFR) Gambian in Western Divisions in the
Gambia; MSL (AFR) Mende in Sierra Leone; ESN (AFR) Esan in Nigeria; ASW (AFR) Americans
of African Ancestry in SW USA; ACB (AFR) African Caribbeans in Barbados; MXL (AMR)
Mexican Ancestry from Los Angeles USA; PUR (AMR) Puerto Ricans from Puerto Rico; CLM
(AMR) Colombians from Medellin, Colombia; PEL (AMR) Peruvians from Lima, Peru; GIH
(SAS) Guijarati Indian from Houston, Texas; PJL (SAS) Punjabi from Lahore, Pakistan; BEB (SAS)
Bengali from Bangladesh; STU (SAS) Sri Lankan Tamil from the UK; ITU (SAS) Indian Telugu
from the UK.
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PC2

(A) Italian cases and controls before exclusion of ancestry outliers. (B) Spanish cases and controls before exclusion of ancestry outliers.
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(C) Italian cases and controls after exclusion of ancestry outliers.
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(D) Spanish cases and controls after exclusion of ancestry outliers.
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Figure S2. Quantile-quantile plots of meta-analyses of Italian and Spanish GWAS association summary statistics.

Only meta-analysed markers that passed the imputation score Rz>0.6 in both Italian and Spanish GWAS data sets were used for plotting. In quantile-
quantile (Q-Q) plots the 2.5th and 97.5th centiles of the distribution under random sampling and the null hypothesis form the 95% concentration band.
The genomic inflation factor lambda (1) is defined as the ratio of the medians of the sample 2 test statistics and the 1-d.f. ¥2 distribution (0.455).%
Two different analyses including covariates were conducted to control for potential population stratification (analysis I; see Supplementary Methods)

as well as potential age and gender effects (analysis I1; see Supplementary Methods).
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Figure S3. Quantile-quantile and Manhattan plots of Italian and Spanish GWAS association summary statistics.

Only markers that passed the imputation score Rz>0.6 were used for plotting. In quantile-quantile (Q-Q) plots the 2.5th and 97.5th centiles of the
distribution under random sampling and the null hypothesis form the 95% concentration band. The genomic inflation factor lambda (1) is defined as
the ratio of the medians of the sample y2 test statistics and the 1-d.f. 52 distribution (0.455).%

In the Manhattan plots of the association statistics from Italy and Spain, respectively, the red horizontal line indicates a genome-wide significance

threshold of P=5x108.

Two different analyses including covariates were conducted to control for potential population stratification (analysis I; see Supplementary Methods)

as well as potential age and gender effects (analysis I1; see Supplementary Methods).
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(A) Italy analysis I (analysis definition see text above).
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(B) Italy analysis 11 (analysis definition see text above).
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(C) Spain analysis | (analysis definition see text above).
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(D) Spain analysis Il (analysis definition see text above).
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Figure S4. Genotype intensity cluster plots of genotyped SNP markers at 3p21.31 and 9g34.2.
Genotype intensity cluster plots of 8 genotyped (i.e. non-imputed; MAF >1%) and most strongly
associated SNP markers at 3p21.31 (5 SNPs selected per country, resulting in 8 unique SNPs) and
the meta-analysis lead SNP rs657152 at 9934.2 for 835 Italian cases and 1,255 Italian controls and
775 Spanish cases and 950 Spanish controls (see Table S1, C). Genotypes depicted in black were
automatically set to missing by the lllumina Genomestudio software during initial genotype calling
(prior to GWAS quality control). All intensity cluster plots have well separated and tightly bunched
clusters for homozygous (red and blue) and heterozygous (green) genotypes. Original SNP

identifiers from Genomestudio software are depicted.

Q rs17214952 B rs9838450 C rs6780163

D rs2064061 F GSA-rs75826707 G GSA-rs17078348

H GSA-rsl116424115 | GSA-rs114797749 J exm-rs657152
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Figure S5. Manhattan plot of meta-analysis of Italian and Spanish GWAS association summary statistics.
Manhattan plot of the association statistics from the meta-analysis controlled for potential population stratification as well as potential age and gender

effects (analysis 11; see Supplementary Methods). The red horizontal line indicates a genome-wide significance threshold of P=5x10%.
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Figure S6. Manhattan plot of loci of suggestive evidence.

Manhattan plot of loci of suggestive evidence (blue horizontal line; P<1x10°) for association with severe Covid-19 with respiratory failure in meta-
analysis (analysis I, for analysis definition see Supplementary Methods) of Italian and Spanish GWAS association summary statistics. The red
horizontal line indicates a genome-wide significance threshold of P=5x107®.
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Figure S7. Expression levels of candidate genes of genome-wide significant loci in different
tissues, blood cell types and lung single cell data.

Chromosome regions 3p21.31 and 9934.2 (associated boundaries of Table 2 and flanking sites)
span several protein-coding genes, including ABO, CCR1, CCR2, CCR3, CCR9, CXCR6, FYCO1,
LARS2, LIMD1, LZTFL1, SACMI1L, SLC6A20 and XCRL1. In order to evaluate their potential role in
SARS-Cov-2 pathogenesis, their mMRNA gene expression data from publicly available sources were
analyzed (see Supplementary Methods). (A) Figure shows consensus bulk mRNA gene
expression results from Human Protein Atlas. Visualized expression values were gene-wise
centered and z-score normalized; (B-C) Figures represent mean expression (visualized by color) of
candidate genes and fraction of cells expressing those genes (visualized by the size of the dot).
Lung and upper airway sc-RNA-Seq data from Vieira Braga et al* (B) contain mRNA expression
levels in healthy nasal, bronchi, alveoli and parenchyma tissues. Data set (C) contains healthy
human lung parenchyma sc-RNA-Seq results from Madissoon et al.?® Processed sc-RNA-Seq
datasets from both studies were retrieved from COVID-19 Cell Atlas.??

Consensus mRNA tissue gene expression data showed strong variation in candidate gene
expression along multiple tissues and cell types. For example, in bulk mMRNA-Seq data (A), CXCR6
shows high expression in T cells when compared to other tissues and cell types, while SLC6A20
shows higher expression in neutrophils. These findings are consistent with sc-RNA-Seq data of
healthy lung cells (B), where CXCRG is expressed in lung residing T and NK cells and SLC6A20 is
expressed in nasal neutrophils. Expression data of CCR1 gene is also consistent across datasets (B)
and (C), this gene being highly expressed in myeloid cells, especially in lung residing macrophages.
Notably, LZTFL1 and ABO genes are expressed in alveolar and ciliated cells (of the respiratory
epithelium in the lung) (B-C). Some of the candidate genes, including CCR3 and CCR9, were not

found to be noticeably expressed in these datasets.
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Figure S8. World map of risk allele frequencies for rs11385942 and rs657152.

Based on populations of the 1,000 Genomes Project! (see also Figure S1), the Genome Aggregation Database®* and the NCBI dbSNP.3® The risk allele
is colored in red, the protective allele is colored in green. rs11385942 is annotated as chr3:45834968-45834969:AAA:AA in dbSNPv153 and as
chr3:45834967:GA:G in TOPMed imputation reference panel. Allele frequencies depicted for “SPAIN” and “ITALY” represent 1,000 Genomes

Project frequencies for populations “Iberian Population in Spain” and “Toscani in Italia”.
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Figure S9. Regional association plots for loci 3p21.31 and 9qg34.2 of Italian and Spanish GWAS
association summary statistics.

Regional association plots for loci 3p21.31 and 9934.2 of Italian and Spanish GWAS association
summary statistics from analysis | (for analysis definition see Supplementary Methods). The purple
diamond represents the most strongly associated SNP with severe Covid-19 and respiratory failure.

The color illustrates linkage disequilibrium (LD) with the most strongly associated SNP, as shown in

the color legend.
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(A) Italy analysis I (for analysis definition see Supplementary Methods)
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(B) Spain analysis | (for analysis definition see Supplementary Methods)
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Figure S10. Regional association plot of the extended HLA region.

Regional association plot of the extended HLA region (chr6:25-35Mb) for (A) analysis (I) of GSA-
based imputed HLA alleles across Italy and Spain and for (B) the Italian case-control cohort where
NGS-based classical HLA allele information was available for a subset of the cohort
(Supplementary Methods). SNPs are shown in light-blue circles and classical HLA alleles (at both
1%t and 2" field resolution) are shown as dark-blue triangles. There were no SNP or allele
association signals meeting either the genome-wide (red dashed line) or the suggestive association
significance threshold of P=1x107 (orange dashed line).
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Figure S11. Regional association plots for locus 3p21.31 of the COVID-19 Host Genetics
Initiative GWAS association summary statistics, along with a meta-analysis with our results.
The purple diamond represents the most associated SNP at 3p21.31. The color illustrates linkage
disequilibrium (LD) with the most associated SNP, as shown in the color legend. The summary
statistics of the publicly available COVID-19 HGI (for details see Supplementary Note) GWAS
meta-analyses round 2 (ANADS, susceptibility [affected vs. population]) was downloaded from
https://www.covid19hg.org/results/ (analysis named “20200508-results-

ANAS5 ALL inv var meta”; file named “COVID19 HGI ANAS5 20200513.txt.gz”; meta-analysis

release date of May 15 2020) and plotted for 3p21.31 (Panel A). Further, a meta-analysis was
performed using METAL (see Supplementary Methods) across the COVID19-HGI GWAS meta-
analysis summary statistics and association results of our analysis I and results plotted similarly
(Panel B). Finally, another meta-analysis was performed across the COVID19-HGI GWAS meta-

analysis summary statistics and association results of our analysis Il and plotted similarly (Panel C).

(A) Plotted COVID-19 HGI GWAS meta-analysis round 2 (ANADS) association results for locus
3p21.31. Most strongly associated SNP is rs11385942 (P=1.10x107).
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(B) Meta-analysis across the COVID-19 HGI GWAS meta-analysis summary statistics and

association results of our analysis | for locus 3p21.31.
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(C) Meta-analysis across the COVID-19 HGI GWAS meta-analysis summary statistics and
association results of our analysis Il for locus 3p21.31.
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Supplementary Tables

Table S1. Patient and control GWAS panels before and after quality control.

(A) Number of samples fulfilling the inclusion criteria from each contributing center before GWAS
quality control. (B) Number of cases and controls excluded from the final analysis in different
quality control steps. For details, see Supplementary Methods section on genotype calling and
SNP and sample quality control. (C) Total number of GWAS QCed cases and controls fulfilling the

inclusion criteria.

(A) Total number of patients fulfilling inclusion criteria from each center before quality

control.

Eligible N
Fondazione IRCCS Ca Granda Ospedale Maggiore Policlinico, Milan 597
Humanitas Clinical and Research Center, IRCCS, Milano 154
UNIMIB School of Medicine, San Gerardo Hospital, Monza 200
Hospital Clinic and IDIBAPS, Barcelona 56
Hospital Universitario Vall d'Hebron, Barcelona 337
Hospital Universitario Ramon y Cajal, Madrid 298
Donostia University Hospital, San Sebastian 338

(B) Overview of genotyped cases and controls from each country with reasons for exclusion.

Italy Spain
Cases Controls Cases Controls
Pre-QC 951 1,394 1,029 987
Pre-QC totals (cases+controls) 2,345 2,016
Missingness outliers 13 10
Heterozygosity outliers 20 15
PCA outliers 152 201
Duplicates 19 69
Relatives 57 27
Total unique removed* 255 291
Post-QC totals 2,090 1,725
835 1,255 775 950

*The total number of unique samples removed from analysis is smaller than the sum of reasons for

exclusion since some samples may have several.

QC: quality control.
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(C) Total number of patients fulfilling inclusion criteria after quality control.

Table shows the number, gender and age of patients and controls included in the study, after quality control, sorted according to the two geographic
panels of Italy and Spain.

Italy Spain
Cases Controls Cases Controls
(n=835) (n=1,255) (n=775) (n=950)
Gender female, n (%) 249 (30) 495 (39) 265 (34) 310 (33)*
Age, median (IQR) 65 (56-75) 49 (33-59) 67 (58-75) 44 (33-50)**

*Muissing gender data of two controls
**Missing age data of 25 controls

Table S2: Frequency data for lead SNPs in clinical subgroups.

Sample sizes are provided in brackets.

Frequency data from Table 2 Coronary artery disease Diabetes Hypertension
Risk allele frequencies Risk allele frequencies Risk allele frequencies
Italy all Spain all Italy Spain” Italy spain” Italy Spain”

Risk Cases Controls Cases (775) Controls CAD No CAD No DM No DM No HT No HT HT No

allele (835) (1255) (950) (71) CAD (68) CAD (125) DM (182) DM (346) (489) (365) HT
(764) (705) (710) (591) (408)

3p21.31 rs11385942 GA 0.14 0.09 0.09 0.05 0.09 | 0.15 0.12 0.09 0.14 0.14 0.08 0.10 0.13 0.15 0.09 0.10
9q34.2 rs657152 A 0.42 0.35 0.42 0.35 0.47 | 042 0.48 0.41 0.42 0.42 0.46 0.41 0.43 0.42 0.42 0.42

CAD: Coronary artery disease; DM: diabetes mellitus; HT: hypertension; “Information missing on n=2.
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Table S3. Risk allele frequencies for rs11385942 and rs657152 for six external and study
independent GWAS control data sets.

Risk allele frequencies for rs11385942 and rs657152 for six external and study independent
TOPMed-imputed Spanish and Italian population-based GWAS control data sets from different
genotyping platforms.

SEE EXCEL FILE

Table S4. Test for association assuming a recessive and a heterozygous model in the meta-
analyses.
SEE EXCEL FILE

Table S5. Genomic loci showing suggestive evidence with severe Covid-19 and respiratory
failure in the meta-analysis.

Genomic loci showing suggestive evidence (P<1x107°) with severe Covid-19 and respiratory failure
in meta-analysis 1. All listed data represent output from the FUMA analysis, see Supplementary
Methods section for further details.

SEE EXCEL FILE

Table S6. Variants in 95% fine-mapped credible sets at 3p21.31 and 9q34.2.
SEE EXCEL FILE

Table S7. Tissue specific eQTL data of lead SNPs and proxy variants.
SEE EXCEL FILE

Table S8. Severity analysis for rs11385942 and rs657152 at chromosome 3p21.31 and 9g34.2.
SEE EXCEL FILE

Table S9. ABO blood group analysis results.
SEE EXCEL FILE

Table S10. HLA allele association analysis.
SEE EXCEL FILE
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